Introduction: Previous studies on electroencephalography (EEG) to discriminate between dementia with Lewy bodies (DLB) and Alzheimer's disease (AD) have been promising. These studies did not consider the pathological overlap of the two diseases. DLB-patients with concomitant AD pathology (DLB/AD+) have a more severe disease manifestation. The EEG may also be influenced by a synergistic effect of the two pathologies. We aimed to compare EEG characteristics between DLB/AD+, "pure" DLB (DLB/AD−) and AD.
INTRODUCTION
Dementia with Lewy Bodies (DLB) is the most common form of dementia in the aging population after Alzheimer's disease (AD; Zaccai et al., 2005) . DLB is characterized clinically by cognitive decline accompanied by visual hallucinations, parkinsonism, fluctuations of cognition and/or sleep disturbances (McKeith et al., 2017) . Adequate diagnosis is important for optimal clinical management. Yet in clinical practice this can be challenging, and DLB tends to be underdiagnosed (Toledo et al., 2013) . The most difficult discrimination is from AD, due to coinciding clinical features, as well as pathological overlap (Jellinger, 2004) . The pathological substrate of DLB is aggregation of α-synuclein in Lewy bodies and neurites. However, up to 50%-80% of patients with DLB have co-existing Alzheimer-pathology, i.e., amyloid plaques and neurofibrillary tangles (Jellinger and Attems, 2008; Howlett et al., 2015) .
The DLB patients with concomitant AD pathology (DLB/AD+) represent a specific diagnostic challenge since abnormal AD biomarkers (such as Aβ-42, tau and p-tau in cerebrospinal fluid (CSF), and amyloid-PET ) can lead to an incorrect diagnosis of AD (Jellinger, 2004) . Decreased striatal dopamine transporter (DAT) binding on SPECT can be valuable (McCleery et al., 2015) as well as imaging of the postganglionic sympathetic cardiac innervation ( 123 iodine-MIBG; Treglia and Cason, 2012) . However, these methods are costly and not always available in a clinical setting. Furthermore, false-negative DAT SPECT scans early in the disease course of DLB have been described (van der Zande et al., 2016) .
Electroencephalography (EEG) has been widely studied for the (early) diagnosis of DLB, and has been implemented in the recently revised diagnostic criteria for DLB as a supportive biomarker (Bonanni et al., 2008 Roks et al., 2008; Lee et al., 2015; Dauwan et al., 2016b; McKeith et al., 2017) . It is a low cost, non-invasive and widely available diagnostic test that provides a functional measure of neuronal and synaptic integrity. In EEG-studies, DLB patients showed decreased reactivity of the background activity and pronounced slow-wave and paroxysmal activity, such as frontal intermittent rhythmic delta activity (FIRDA). These features can be detected by visual analysis (Roks et al., 2008; Liedorp et al., 2009; Lee et al., 2015) . When EEG is analyzed quantitatively (qEEG), DLB has been associated with increased power in the theta and delta frequency bands, a low dominant frequency, high dominant frequency variability (Bonanni et al., 2008; Cromarty et al., 2016) and prominent disruptions of functional connectivity compared to AD and controls Dauwan et al., 2016a) . Additionally, automated analysis of combined (q)EEG features has shown good discriminative value (accuracy >85%) between DLB and AD Dauwan et al., 2016b) .
However, previous EEG-studies did not take into account concomitant AD pathology in DLB. Compared to ''pure'' DLB, DLB/AD+ patients have shown a more severe disease manifestation (Howlett et al., 2015; Lemstra et al., 2017) and a synergistic effect of α-synuclein and amyloid and tau pathology is suspected (Howlett et al., 2015) . This could be reflected by more severe EEG abnormalities in this group. Alternatively, since in AD the EEG abnormalities do not seem as extensive as in DLB (Kai et al., 2005; Liedorp et al., 2009) , in DLB/AD+ the EEG results could be ''in between'' AD and DLB. In other words, the concomitant AD-pathology could cause part of the more severe clinical symptoms, while the EEG does not reflect this. We hypothesized that concomitant AD-pathology in DLB influences EEG measures and aimed to compare EEG characteristics between three groups: pure DLB, DLB/AD+ and AD patients.
MATERIALS AND METHODS

Study Population
Patients were selected from the Amsterdam Dementia Cohort (ADC) if they fulfilled the 2005 diagnostic criteria for probable DLB (McKeith et al., 2005) and had both EEG and a lumbar puncture performed. The ADC is a clinical cohort built from patients who visited our memory clinic for a one-day diagnostic screening including medical history, physical and neurological examination, blood and CSF analysis, EEG and structural brain imaging (van der Flier et al., 2014) . Diagnoses were made in a multidisciplinary setting according to clinical consensus criteria (McKeith et al., 2005; McKhann et al., 2011) . Additional 123 I[FP-CIT]-SPECT imaging was performed at the discretion of the clinical team.
From patients who visited the memory clinic between May 2003 and September 2015, 121 DLB-patients met the criteria mentioned above. Concomitant AD-pathology (DLB/AD+) was defined as a CSF tau/Aβ-42 ratio >0.52, which has been associated with a stable diagnosis of AD in a large memory clinic cohort (Duits et al., 2014) . Forty-one patients who fulfilled the clinical criteria for probable DLB, had a CSF tau/Aβ-42 ratio >0.52. These patients were defined as the mixed pathology (DLB/AD+) group. DLB/AD+-patients were matched for age and sex on a group level with 41 ''pure'' DLB patients and 41 AD-patients. In 28 cases, a 123 I[FP-CIT]-SPECT was available. AD was diagnosed according to NINCDS-ADRDA criteria (McKhann et al., 2011) , and in all AD-patients the CSF tau/Aβ-42 ratio was >0.52 (Duits et al., 2014) .
Clinical data were collected prospectively at the initial visit. The mini mental state examination (MMSE; Cockrell and Folstein, 1988) score was used as a global cognitive measure. Hallucinations were scored according to the neuropsychiatric inventory (NPI; Cummings, 1997) , extrapyramidal signs according to a preformatted checklist (based on the presence or absence of bradykinesia, rigidity and/or tremor).
Ethics
The local medical ethical committee, METc VU University Medical Center, approved the study. All patients gave written informed consent for retrospective use of their clinical data.
CSF Analysis
CSF was obtained via lumbar puncture. The procedure is described in more detail elsewhere (van der Flier et al., 2014) . In short, CSF was collected in polypropylene tubes, centrifuged at 1800 g for 10 min at 4 • C, processed and stored in aliquots of 0.5 ml at 80 • C. Amyloid-β42, total tau and p-tau were measured by INNOTEST Double sandwich ELISAs.
EEG Recording
All subjects underwent a 20-min resting-state EEG with O.S.G. digital equipment (Brainlab or BrainRT; O.S.G. B.V. Belgium).
Twenty-one scalp electrodes were placed according to the international 10-20 system on the following locations: Fp2, Fp1, F8, F7, F4, F3, A2, A1, T4, T3, C4, C3, T6, T5, P4, P3, O2, O1, Fz, Cz and Pz. Electrode impedance was <5 kOhm. The EEG was filtered with a time constant of 1 s and a low pass filter of 70 Hz online. The sample frequency was 500 Hz. Recording took place in a slightly reclined chair. When necessary, EEG technicians used sound stimuli to keep the patients awake. Source derivation was used as a reference (Hjorth, 1975) , and the data was band-pass filtered in six frequency bands: delta (0.5-4 Hz) theta (4-8 Hz), alpha-1 (8-10 Hz), alpha-2 (10-13 Hz), beta (13-30 Hz) and gamma (30-48 Hz). Oscillations <0.5 Hz and >30 Hz were excluded from further analyses because of the expected artifacts from muscle and eye movement (Hagemann and Naumann, 2001; Whitham et al., 2007) . Four artifact-free epochs of approximately 10 s per patient, sufficient for quantitative analyses (Gasser et al., 1985; van Diessen et al., 2015) recorded in an awake resting-state with eyes closed, were visually selected (according to a standard operating procedure).
Visual EEG Assessment
The entire 20-min EEG registrations were visually assessed by certified clinical neurophysiologists, without knowledge of clinical information except for age, sex and medication use, according to a standardized visual rating scheme, which includes the severity of EEG abnormalities (on a 5-point scale: 1 = normal EEG, 2 = mildly abnormal, 3 = moderately abnormal, 4 = severely abnormal, 5 = iso-electric) and the presence of focal, diffuse and epileptiform abnormalities. Focal abnormalities were defined as sharp or slow waves, present in one or more EEG leads. Diffuse abnormalities consisted of a posterior dominant frequency below 8 Hz, diffuse slow wave activity or decreased reactivity of the background pattern to eye opening. Epileptiform discharges were defined as spikes, spike-and-slow-wave-complexes or sharp-and-slowwave-complexes present in one or more EEG leads (Liedorp et al., 2009) . The presence of FIRDA, Figure 1 , was analyzed as a separate variable, because of the relatively high occurrence in DLB described in literature (Roks et al., 2008; Lee et al., 2015) .
Quantitative and Automated EEG Analysis
EEG data were converted to American Standard Code for Information Interchange format and loaded into BrainWave software, version 0.9.152.2.7 1 to perform quantitative analyses. Fast Fourier transformation (FFT) was used to calculate relative power per frequency band and peak frequency per electrode. To indicate the ratio between slow-wave and fast-wave activity, we calculated the theta/alpha ratio: theta/(theta + alpha1 + alpha2).
MATLAB 2011a (MathWorks Inc., Natick, MA, USA) was used to configure head plots showing relative power per frequency band per channel. To assess the variability of the global peak frequency, the four selected epochs (of 1 http://home.kpn.nl/stam7883/brainwave.html 8-10 s EEG signal) were divided into pieces of 2 s, resulting in 16 epochs per patient. The standard deviation of the peak frequency per patient was calculated as a measure of variability.
The strength of functional connectivity was assessed with the Phase Lag Index (PLI). This measure of functional connectivity, previously described in more detail (Stam et al., 2007) , ranges between 0 (no phase locking) and 1 (complete synchronization) and was calculated for all electrode pairs per subject. Based on previous literature describing differences between DLB and AD, PLI was calculated for the alpha frequency band (8-13 Hz; van Dellen et al., 2015) . A minimum spanning tree (MST) network was generated from the weighted adjacency matrix of PLI values and topology measures were calculated: highest degree (measure of regional importance, regions with a high degree may be considered ''hubs''), leaf number (measure of network organization, describes to what extent a network is dependent on hubs), diameter (measure of the efficiency of network organization) and tree hierarchy (measure of hierarchy in network organization; van .
Finally, all qEEG data from all patients were entered as different variables or ''features'' in a random forest machinelearning algorithm using BrainWave. This method is described in detail elsewhere (Dauwan et al., 2016b) . In short random forest is a classification method based on decision trees. Each decision tree in the random forest is built using a bootstrap sample (i.e., new training set), with replacement, consisting of 2/3 of the original data, and is tested on the remaining 1/3 of the data. Consequently, in random forest the cross-validation is done internally and there is no need for a separate test set to estimate the generalization error of the training set (Breiman, 1999) . Furthermore each new training set of features is randomly drawn from the original dataset of features. This bootstrap aggregating (i.e., bagging), and random feature selection help in reducing the variance of the model, avoid overfitting, and result in uncorrelated trees. An advantage of ensembled decision tree methods is that feature selection is also done internally, that is the algorithm can identify from a large set of input the features that are really useful for the classification (Geurts et al., 2009) . It is therefore possible to score the importance of a feature to the classification by means of the variable importance (VIMP) score. All our 25 available qEEG features were entered in this order (listed in Table 1 ): Delta power: lowest-mean-highest of the 21 channels; theta power: lowestmean-highest; alpha1 power: lowest-mean-highest; alpha2-power: lowest-mean-highest; beta power: lowest-mean-highest; peak frequency: lowest-mean-highest, theta/alpha ratio; PLI (alpha band): lowest-mean-highest, MST (alpha band). Three automated classifiers are developed to divide patients between two diagnostic groups (DLB/AD+ vs. AD, DLB/AD− vs. AD and DLB/AD+ vs. DLB/AD−). The accuracy, sensitivity and specificity of the classifier were calculated, as well as a VIMP score per feature, which reflects the relative contribution of that feature to the classifier. A high VIMP score means a given EEG feature is important for the discrimination between the two diagnoses (Dauwan et al., 2016b) .
Statistical Analysis
Statistical analysis was carried out using SPSS (IBM, version 22). The groups were matched using SPSS case-control matching. Group differences in demographical, clinical data and EEG outcome measures were assessed using ANOVA (with Bonferroni corrected post hoc tests) and, in the case of non-normally distributed data, Kruskal Wallis tests. Linear regression was used to determine possible confounders or effect modifiers (age, sex, symptom duration, MMSE score and medication use) and when necessary, results were corrected with these variables added as covariates. A probability value of <0.05 was considered statistically significant.
RESULTS
Patient Characteristics
Demographic and clinical characteristics are summarized in Table 2 .
In DLB/AD− and DLB/AD+ more hallucinations and extrapyramidal signs were present compared to AD. DLB/AD+-patients had a lower MMSE score and used more antidepressants and benzodiazepines, compared to AD. Twenty-eight DLB-patients underwent DAT-SPECT imaging, which was abnormal in all cases.
Visual EEG
Visual EEG scores are shown in Table 3 . The EEG severity score was significantly lower in both DLB-groups compared to AD (2.7 vs. 1.9, p < 0.001). Both the DLB/AD+ and the ''pure'' DLB group differed from the AD patients in the presence of diffuse abnormalities (present in 88% of DLB/AD+, 93% of DLB/AD−, 39% of AD, p < 0.001) and FIRDA (present in 20% of DLB/AD+, 29% of DLB/AD−, 2% of AD, p = 0.03).
Quantitative EEG-Spectral Analysis
The mean relative power of all EEG channels per frequency band is shown in Table 4 . Figure 2 shows the distribution of the activity per frequency band across the 21 channels in head plots. Both DLB/AD− and DLB/AD+ show more (posterior) slow-wave activity (higher relative power in delta and theta bands) compared to AD. The relative power in the faster frequency bands (alpha and beta) as well as the peak frequency is lower in the DLB groups than in AD. The abundance of slow-wave activity is also reflected by the theta/alpha-ratio, which is higher in both DLB groups. The variability of the peak frequency was lower (0.38 Hz) in pure DLB compared to in AD (0.49 Hz, p = 0.01), the difference between pure DLB and DLB/AD+ (0.48 Hz) was of borderline significance (p = 0.06).
No confounders or effect modifying variables were identified in a regression analysis (using age, sex, symptom duration, MMSE score and ''medication use''). Table 4 shows functional connectivity strength and network characteristics.
Quantitative EEG-Functional Connectivity and Network Characteristics
A significant difference was found between both DLB groups and AD for global apha-band PLI (lower PLI for both DLB groups compared to AD) and MST highest degree (lower degree for both DLB groups compared to AD). No significant differences were found between the pure DLB and the DLB/AD+ patients.
Automated Classification
An automated classification based on only qEEG features between pure DLB and AD reached an accuracy of 85% (sensitivity 87%, specificity 83%). Between DLB/AD+ and AD, the accuracy of the classifier was 74% (sensitivity 70%, specificity 79%). Accuracy for the discrimination between DLB/AD+ and DLB/AD− was 52% (only just above chance performance). The EEG features with the highest VIMP scores were theta/alpha-ratio for DLB/AD+ vs. AD, and beta power for DLB/AD− vs. AD. Figure 3 shows an example of the output of the random forest classification between DLB/AD− and AD, including VIMP scores of the used EEG features.
DISCUSSION
This study shows that visual and quantitative EEG characteristics of patients with ''pure'' DLB and DLB with concomitant AD-pathology do not differ, but are both different from AD. Both DLB-groups have compared to AD: more pronounced visual EEG abnormalities (such as FIRDA); a lower peak frequency and more slow-wave activity; a decreased strength of alpha functional connectivity-a difference in network organization (degree). To our knowledge, this is the first study that takes into account concomitant AD pathology when describing EEG characteristics in DLB. Previous studies have shown that DLB-patients with concomitant AD-pathology have a more aggressive disease course compared to pure DLB (Howlett et al., 2015; GraffRadford et al., 2016; Lemstra et al., 2017) . In line with these findings, our DLB/AD+-group had the lowest MMSE score. While we hypothesized that EEG disturbances would also be more outspoken in these cases, this could not be confirmed by our data. On the contrary, both DLB/AD− and DLB/AD+ have more severe EEG abnormalities than AD patients. A possible explanation for our findings is that DLB pathology ''drives'' the EEG abnormalities. It has been suggested that in DLB, not cell death, but rather α-synuclein aggregaterelated synaptic dysfunction is related to clinical symptoms (Schulz-Schaeffer, 2010) . In particular the cholinergic deficit is present earlier and more widespread in DLB compared to AD. Loss of cholinergic activity has been observed in the thalamus and all neocortical regions (Tiraboschi et al., 2002;  FIGURE 3 | Output of a random forest automated classification between DLB/AD− (pure DLB) and AD. nTree and mTry are parameters used for random forest analysis. Subjects are arranged by diagnosis on the x-axis, no. 1-41 = AD, no. 42-82 = DLB/AD−. Quantitatively (qEEG) features 1 t/m 25 as listed in "Materials and Methods" section. VIMP = variable importance score, Acc = accuracy, Sens = sensitivity, Spec = specificity, p = p-value. Francis and Perry, 2007) . In a pathological study of patients with Parkinson's disease dementia (PDD) without concomitant AD pathology, a reduction of hippocampal cholinergic activity together with an increased load of α-synucleinopathy in the basal forebrain and hippocampus has suggested that α-synuclein depositions can induce cholinergic dysfunction (Hall et al., 2014) . The outspoken EEG-abnormalities in DLB compared to AD have been linked to this more severe cholinergic deficit and to impaired thalamo-and corticocortical communication (Riekkinen et al., 1991; Kai et al., 2005; van Dellen et al., 2015; Bonanni et al., 2016) . This pathological mechanism might not be further aggravated by concomitant AD-pathology. Possibly, the unfavorable clinical course of DLB/AD+ compared to pure DLB, is not caused by changes on a functional level but instead more on a structural level, i.e., increased cortical atrophy, as has been suggested by imaging studies (Nedelska et al., 2015; Graff-Radford et al., 2016) . The EEG could miss this additional damage caused by AD co-pathology (''dead neurons tell no tales'').
The pronounced EEG abnormalities we found in DLB are in agreement with the available studies that compare DLB, AD and controls Cromarty et al., 2016) . While recent research tends to focus on the quantitative and automated EEG analysis, visual interpretation of EEG has also shown clear differences between DLB and AD. For example, FIRDA has been described more in DLB compared to in AD (Roks et al., 2008; Lee et al., 2015) . This difference is confirmed by our results, where FIRDA is seen significantly more often in both DLB groups (20% and 29%) compared to in AD (2%; Figure 2 ). For qEEG, the low peak frequency and high relative power in theta and delta bands we found in DLB, are agreement with existing literature. An exception is the peak frequency variability, which has been described to be high in DLB (Bonanni et al., 2008 ). This could not be confirmed by our study: the variability (SD of peak frequency over 16 epochs per patient) even seemed higher in both AD and DLB/AD+, compared to pure DLB. These results should be interpreted with some caution since only the pre-selected artifact-free epochs (∼40 s of EEG recording) were used to assess variability. Previous studies (Bonanni et al., 2008 have used larger numbers of epochs. However a publication dedicated to this question states that evaluation of peak frequency variability does not require recordings longer than 20 s (Maltez et al., 2004) . Our findings warrant more studies in different cohorts to assess the value of the peak frequency variability in DLB.
High diagnostic accuracies (∼90%) have been previously described for automated EEG analyses for the discrimination of DLB from AD and controls Dauwan et al., 2016a) . Our results support the potential of these techniques, although for the clinically difficult discrimination between DLB/AD+ and AD the diagnostic accuracy was a bit lower than for DLB/AD− vs. AD. An advantage of the random forest machine learning technique is that it randomly selects a sample of the data for each decision tree. Therefore, there is no need for a separate dataset for cross-validation (Breiman, 1999) and the automated analysis supports our results for the diagnostic value of (q)EEG.
Our study supports the value of EEG as a true biomarker of Lewy body pathology in dementia. When considering all qEEG data, spectral analysis (such as beta power and theta/alpha ratio) provided more discriminative value than the more advanced analyses of networks and connectivity. Therefore, visual EEG analysis combined with spectral analysis could be the cornerstone of the clinical EEG interpretation, making the diagnostic test low-cost, easy to interpret and widely available. A drawback of visual EEG can be low specificity (Cromarty et al., 2016) . However, our study identified (q)EEG features that are valuable for the differentiation between AD and DLB, e.g., FIRDA and the theta/alpha ratio. Future research should focus on identifying cut-off values, e.g., for peak frequency or theta/alpha ratio, that help to classify a patient in one of the diagnostic groups. Possibly the development of a specific EEG-DLB scale could help improve diagnostic value. Validation in a separate dataset (preferably with pathologically confirmed cases) would be feasible to incorporate this in clinical practice.
Currently EEG can have added value, especially in the more complex cases when there is a clinical suspicion of DLB, such as the DLB/AD+ cases, where (CSF) AD biomarkers are not helpful and/or DLB-patients with an initially negative DAT SPECT (van der Zande et al., 2016 ). An abnormal EEG might be an early marker of DLB (Bonanni et al., 2008) . To study EEGs in non-demented patient groups at risk for DLB, for example patients with mild cognitive impairment (MCI) or REM sleep behavior disorder, would be of interest. Furthermore, EEG will have to be related to clinical outcome measures in longitudinal studies, to assess its possibilities as a response marker for treatment.
Strength of this study is the availability of three groups of relatively large size (n = 123 in total) from a well-characterized clinical cohort. The groups were well matched for age, sex and disease duration. Especially for the DLB/AD+-cases, the sample is large compared to other studies. It is the first study to link EEG characteristics to CSF biomarkers in DLB. Another strength is the combination of visual, quantitative and automated EEG analyses in one study.
The study had some limitations: first, like in other clinical and imaging studies, pathological confirmation of the diagnosis was lacking. However, diagnoses were made in an expert consensus meeting. When a DAT-SPECT scan was performed in DLB patients, it supported the clinical diagnosis (McKeith et al., 2017) . Second, some of the patients used medication that could have influenced the EEG. However, benzodiazepines and antidepressants, the two types of medication that were used most by the DLB/AD+ group, are associated with fast (beta band) activity (Blume, 2006) , while in the DLB groups a lower beta power has been found. In a regression analysis medication use was not identified as a confounder or effect-modifying variable. The visual selection of the epochs might have influenced our results, although this has been performed in a standardized manner and overall effects of epoch selection seem to be small (van Diessen et al., 2015) . 21-channel EEGs can be used to study connectivity and networks, however the number of channels limits the analysis of specific anatomical regions .
In conclusion, our study shows differences in EEG characteristics between DLB and AD, but not between DLB/AD+ and DLB/AD−. These findings are of importance because: (1) in DLB, concomitant AD pathology does not seem to influence the EEG, which suggests that the Lewy body pathology ''drives'' the outspoken EEG abnormalities. (2) EEG can be a valuable contribution to differentiate DLB from AD, especially in the DLB/AD+ cases, where the AD-biomarkers are not helpful.
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